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This study addresses the challenges associated with urban transportation by providing a framework 
for exploiting data analytics, with application to transportation data, to achieve an effective and 
time-efficient metropolitan city transportation system. We aim to understand traffic in different 
areas of the city, as well as trying to categorize the various zones within numerous areas in the 
city, such as: business destination, residential destination, or touristic destination according to its 
popularity given both the time-range and the day of the week.       
In this project, a logistic regression classification model is built to classify locations into 
hotspots/non-hotspots.   
 
 
Keywords: Transportation, Urban transportation, data analytics, hotspots, hotspot detection, green taxis, 
public transportation, transportation data, green taxi data, transport, artificial intelligence, city 
transportation, urban planning 
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Transportation is an essential factor in today’s world, since it is considered as one of the most 
significant features in society and a very crucial infrastructure of development. Transportation has 
made it easier for people to commute and move around the city. It is convenient in many ways, 
but mostly used for travel and being able to move from one place to another, as well as deliver 
goods and products to a certain location in a short distance. Ever since transportation has been 
introduced to this world, it has impacted the lives of many, and has undeniably changed the way 
people live in a tremendous way. After all, it is considered to be an inseparable and significant 
factor in society as it still continues to affect the quality of people’s lives in numerous aspects. 
With transportation being an essential contribution to society, one of its major concerns is traffic. 
Traffic and its problems affect all aspects of modern life, leisure and industry, especially in urban 
areas. There are several modes of transportation and choices for travel that have made the lives of 
people easier. However, the most common modes of transportation in urban public transport 
systems include: buses, subways and trains, and taxis or cabs. Taxis are considered to be a crucial 
moving alternative worldwide. As an essential urban transport for travel, taxis have a direct major 
impact on the economic development of the entire city and the lives of the residents or simply, for 
those who do not use their own vehicles or do not feel like driving. 
Data analytics has a crucial impact on many sectors, including transportation. Not only does 
transportation have an important role in society, but on the global economy as well. It is essential 
for societies, businesses, industries, and governments since they depend on it heavily to access 
resources, travel to certain locations, and make better transport decisions. With the help of data 
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analytics and fast development of transportation systems over the years, the efficiency and speed 
of transportation systems have grown widely and improved radically. Therefore, the role of 
transportation continues to contribute in enhancing and bettering the lives of millions of people 
and businesses around the world.  
Traffic and transportation data are very important because they contain many types of information 
that are useful to solve problems or issues related to traffic, roads, or transport in general. When 
this data is taken and mined over location, it can help us identify the most common attractions and 
locations in the city, also known as hotspots. Hotspots are places of more than usual interest, 
activity, or popularity. It is important to be able to detect hotspots because this can help us 
understand the numerous and most common zones of the city, hence it will help us be able to make 
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1.2 Statement of the problem 
 
Traffic data contains numerous volumes of information that is very beneficial. Traffic data is 
processed and mined over two key factors: location and time. When it comes to location, the 
extraction of data gives useful information about the different main attractions in any city (i.e. 
hotspots). Thus, this will further allow governments make better decisions when it comes to city 
and traffic planning, as well as impose appropriate rules accordingly. 
Moreover, the extraction of data on time helps detect several key factors, such as rush hours. This 
data ensures improved preparation and planning of the roads, as well as imposing and signifying 
better solutions when it comes to managing traffic. 
After studying and fully understanding a metropolitan city’s traffic dynamics and conditions, data 
analytics will be applied for an efficient urban planning in order to ensure an optimum, more 
efficient transportation system. In this project, we will apply this knowledge by using New York 
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1.3   Project goals  
This project focuses on demonstrating the significance of utilizing data analytics for efficient urban 
planning with emphasis on developing an optimum transportation system. This implies thorough 
understanding of the traffic dynamics and conditions in various parts of a metropolitan highly-
dense city, where efficient measures based on accurate predictive models become highly 
significant.   
Moreover, we want to apply data analytics in the field of urban transportation and be able develop 
an intelligent transportation system by analyzing traffic data in urban cities, with an emphasis on 
identifying highly-populated areas where traffic density is high. The goal of this project will be 
fulfilled and achieved by: 
 Identifying and detecting the most common hotspots: This will be done by adding a new 
feature (binary feature) which says if a location is a hotspot or not, based on the number of 
rides.  
 Building a deep Machine-Learning Classification model for any new location 
After identifying the most common places (hotspots), we will be able to dedicate more resources 
and traffic control measures, as well as introduce alternatives in order to avoid (or at least reduce) 
significant traffic delays in these highly dense areas. 
 
1.4 Limitations of the Study 
The lack of having real-time (on spot) data is considered as a limitation of this study. If dynamic, 
real-time data was available, it would enhance the prediction accuracy. 
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Chapter 2 - Literature Review 
 
This study addresses the challenges associated with urban transportation by providing a framework 
for exploiting data analytics, with application to green taxi trips, to develop an efficient and 
optimum transportation system. The literature survey covers several topics, including: transport 
planning in the city, taxi trip data, urban transportation planning, machine learning, and the impact 
of data analytics on the world of transportation.  
In order to ensure a good long-range planning practice, the urban transportation planning process 
goes through a number of steps. These steps are shown in the figure below: 
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A research conducted by (Correa, Xie, Ozbay, 2017) focused on exploring NYC transportation 
demands. The approach used in the study is empirical analysis and spatial modeling. With regards 
to empirical analysis, the relationship between significant factors such as taxi demand and transit 
accessibility have been investigated specifically using spatial algorithms. Patterns of Uber data 
have been analyzed and explored in the study as well. Several models were established in order to 
estimate the demands of Uber and taxis. After several tests, the best model was the spatial lag 
model, since it was able to define the special dependence. After using empirical analysis and spatial 
modeling, the study concluded in finding a correlation between both taxi and Uber demands with 
a confidence interval of 95%. [1] 
A study titled machine learning in transportation data analytics was done by (Bhavsar, Safr, 
Bouaynaya, Polikar, and Dera, 2017), and it covers all the different machine learning methods, 
including supervised and unsupervised learning, classification, association, clustering and 
regression algorithms. The study describes each machine learning method separately and 
applications in transportation. The study defined the importance of machine learning methods and 
how they can improve transportation systems. [2] 
(Aarhaug, 2016) conducted a study on taxis as a part of public transport. The study discusses the 
numerous regulatory systems for the taxi industry, and covers the issues taxis face on a daily basis. 
It also talks about how taxis play a vital role in the transportation system, affecting the lives of 
many people. The findings of the study have shown that there is not one singular regulatory 
solution to all the issues faced by taxis in cities, since a good regulatory system must comprehend 
several key factors. [3] 
A study done by (Yang and Gonzales, 2014) focused on trips data in New York City. The study 
approximately evaluated a regression method for locations. The study resulted in identifying key 
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factors and variables that affect taxi trips, such as: travel time and occupation. These variables had 
a direct influence on the rides in taxis. [4]   
(Morgul and Ozbay, 2012) stated that the GPS system is now widely utilized to keep track of all 
taxis in New York, as well as be able to examine various features of taxi ridership. The study stated 
that the GPS system is a very efficient source of data since it provides specific valuable information 
about all the trips taken in taxis, such as trip time and distance traveled. [5] 
Real-time approaches on predicting demand of riders is a study conducted by (Matias, Gama, 
Ferreira, and Moreira, 2013) where the goal was to be able to forecast the distribution of demands 
in cabs, in a small distance. Several complex computational methods and algorithms were 
introduced. A complex learning model was applied, and the study predicted commuter demand in 
a dynamic setting. After the model was built, results stated that the computational time for building 
a prediction was diminished by a percentage of 40. [6]  
Several studies used Green taxi trip data for analysis. (Patel, 2015) conducted a study on cab trips 
using analytics. The study analyzes the main attributes of taxi demand, finding out which factors 
affect taxi trips most, detecting locations, and how to overcome public needs in the city. Many 
tools were used to analyze this dataset, including Hadoop and MapReduce. Eventually, numerous 
heat maps were generated and several graphs were made from our dataset such as: total number of 
rides based on a specific location. [7] 
A research conducted by (Robila and Aziz, 2019) used New York City Yellow and Green taxi 
data for data mining and analysis. The research examined large data that is being generated and 
stored on a daily basis in urban cities, and how this data is used for analysis and visualizations. 
Visualizations showed common trends and patterns in the taxi trip data. [8] 
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(Zhao, Qin, Zhou, and Liu, 2015) conducted a research that talks about detecting and identifying 
the most common hotspots with a focus on specific taxi trajectory data. The main method 
proposed in the study was spatial cluster analysis. Trajectory clustering was applied on trajectory 
data. Eventually, results concluded that hotspots were detected in four specific time intervals. 
These hotspots were then generated and visualized into heat maps. [9]  
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Chapter 3 - Project Description                    
  
This project addresses the challenges associated with urban transportation by providing a 
framework for exploiting data analytics, with application to transportation data, specifically green 
taxi trips, to develop an efficient and optimum transportation.  
The main goal of this project is to demonstrate the significance of utilizing data analytics for 
efficient urban planning with emphasis on developing an optimum transportation system. This 
implies thorough understanding of the traffic dynamics and conditions in various parts of a 
metropolitan highly-dense city, where efficient measures based on accurate predictive models 
become highly significant.  
Moreover, the application of data analytics in the field of urban transportation and the development 
of an intelligent transportation system is significant. This will be done by analyzing traffic data in 
urban cities, with an emphasis on identifying highly-populated areas where traffic density is high.  
The goal of this project will be fulfilled and achieved by: 
 Identifying and detecting the most common hotspots: This will be achieved by adding a 
new feature (binary feature) which says if a location is a hotspot or not, based on the 
number of rides.  
 Building a deep machine-learning classification model for any new location. Classification 
will be our main machine learning model for analysis. By identifying our objective of 
detecting hotspots, we will be able to provide more resources and transportation control 
measures, as well as present alternatives in order to avoid significant traffic delays in these 
highly dense areas.  
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The objective of this research is to apply machine learning algorithms to analyze taxi trips and 
discover insights from the data. To achieve the set objective, following a distinct data analytics 
approach is essential.  
The first step is to choose the right dataset. In this project, the dataset I have used and will base 
my analysis on is the Green Taxi trip data in New York City. This dataset can be found on the 
New York City Open data platform.  
The green taxi dataset contains over one million rows. They represent particular trips taken in a 
green cab in New York City.  
This dataset has 20 attributes in total, however the most important attributes we will be using and 
the ones related to identifying hotspot locations are: 
 Dates and times of pickups and drop-offs 
  Location IDs of pickups and drop-offs 
I have used this dataset in order to study and understand the data, extract the knowledge needed, 
analyze the dataset, and generate a variety of visualizations. 
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4.2 Data Dictionary  
 
A data dictionary is significant because it specifically describes the contents in a dataset, and 
explains the meaning behind each and every record. It provides useful detailed information, and 
shows the relationship between each of its elements. Hence, a data dictionary makes it easier to 
read, understand, and analyze any format or kind of data.  
In the table below, we explore the green taxi trips dataset to understand the different types of 
attributes.  
We also briefly provide a descriptive summary of these attributes, as seen below: 
 Column Name: Column Description: 
1 Vendor ID Specifies the supplier  
2 Pickup date and time When a customer was taken by a vehicle 
3 Drop off date and time When a customer was dropped off by a vehicle 
4 Passenger count Total customers in a cab 
5 Trip distance Overall distance of the ride 
6 PU Locations Exact location of customer pickup  
7 DO Locations Exact location of customer drop-off 
8 Rate Codes  Specific rate code of journey 
9 Store and forward flags Stored data in vehicle system 
10 Payment types Kind of expense used 
11 Fare amounts Cost of fare  
12 Extra charges Any additional charges 
13 MTA tax Automatic Metropolitan Tax Authority charge  
14 Improvement surcharge Additional charge to rides  
15 Tips amount Extra tips provided by customers 
16 Tolls amount Total amount of all tolls paid in trip 
17 Total amount Overall cost of ride 
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4.3 Exploratory Analysis  
 
One of the most important approaches for summarizing core features in a dataset is exploratory 
data analysis. For the Green taxi trip dataset, we performed exploratory data analysis, and the 
summary we got is as below: 
 Number of examples (number of rows in the dataset): 1225889 
[One example has as many values as the number as the number of columns] 
 Number of features (attributes): 20 
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Next, we analyze the descriptive statistics for this dataset, which shows the Data summary (Min, 

























Figure 4.2 and Figure 4.3 – Data Summary 
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We found that the number of missing values (single values, not examples) is 3061442. These 
missing values will be dropped in the next section. 
 
4.4 Data Preprocessing 
 
The first step before processing or visualizing any data is to check the dataset and ensure it is clean 
(does not have any errors, duplicates, or missing values). This step is called data preprocessing, 
also known as data cleaning, and it is an important step because it helps us prepare the dataset for 
analysis, as well as visualization.  
In this step, the below six data dimensions are considered and evaluated: 
 
Figure 4.4 – Data Quality Dimensions 
 
Are all required data available and accessible?
Do data values comply with the specified formats?
Are there any conflicting values?
Are all data correct and up to date?
Are there any duplicates?
Are all data linked correctly?
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For our dataset, the important actions required before doing our analysis are: 
 Dropping irrelevant attributes (VendorID, store_and_fwg_flag, RatecodeID, 
passenger_count, extra, mta_tax, tip_amount, tolls_amount, ehail_fee, improvement 
surcharge, total_amount, trip_type, congestion_surcharge): These features are eliminated 
because they do not help us determine whether a specific location is a hotspot or not. 
 Dropping duplicates 
 Dropping missing values (3061442) 
After omitting all irrelevant and unnecessary attributes, and making sure we have 0 missing values, 
our dataset is now ready to proceed onto the next step, which is Feature Engineering. 
 
4.5 Feature Engineering 
It is vital for each and every dataset to have good features and attributes, as this allows us to 
represent the data structure accurately, and maintain better results when it comes to the model. 
This procedure is called Feature Engineering. 
  
Figure 4.5 - Feature Engineering Process 
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The required steps we have done for feature engineering are as follows: 
 Convert pickup and drop-off date/times, which are stored as strings in the dataset, into 
POSIXct objects (Standardized "year-month-day UTC" format), using the “lubridate” 
package in R. 
 Separate dates and times to do visualizations and prepare the data to be used by our 
classification model 
Since the target attribute does not exist in the dataset initially, we have created it as follows: 
1. We consider that a location is a hotspot if it has a high number of pickup rides and 
drop-off rides combined. 
2. We calculated the number of pickups and drop-offs for every location separately, 
and then we summed them to get the total number of rides (pickups and drop-offs) 
for each location. Result was put in a table. 
3. We rearranged the table in a descending order to get locations with the highest 
number of rides at the top. 
4. We added the binary target attribute, called “hotspot” which states whether any 
location is a hotspot or not (1 is a hotspot, 0 is not). Initially, hotspot was a vector 
of zeros. 
5. We had 260 different locations in total (i.e., location IDs). In order to have a 
balanced dataset, we decided to consider the 130 first locations (with the highest 
number of rides) as hotspots (i.e., hotspot = 1). The remaining 130 locations were 
not considered as hotspots (i.e., hotspot = 0). 
6. We updated the values of the “hotspot” attribute accordingly. 
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4.6 Data Visualizations 
Data Visualization is a significant step in data analytics because it helps the user communicate 
and understand the data in a visual format, whether it is in graphs, tables, charts, or even figures.. 
Data visualization is mainly done for two important reasons: 
1. To discover new knowledge or information, gather new ideas, and understand repetitive 
patterns or trends in the dataset 
2. To graphically present diverse ideas in a visualization format (i.e.: images, graphs, tables) 
and gain valuable insights  
Below are some visualizations we did on our taxi trips dataset:  
I. Number of rides per day: 
 
Figure 4.6 – Number of rides per day 
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 This graph above the Number of rides per day. As we can see, Friday has the highest 
number of rides. We can assume that workers work in NYC during the week, and since 
Friday is the last working day, they take a ride to go back home before the weekend (they 
commute only on weekends). Meanwhile, Sundays have the fewest number of rides 
because it’s a weekend in NYC and most people like to stay home. 
 
II. Number of rides by month: 
 
Figure 4.7 – Number of rides by month  
 
 This graph shows the Number of rides by month. The highest number of rides are taken in 
January and February, this is because the harsh winter weather in NYC forces people to 
use transportation more frequently. 
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III. Number of pickups per hour: 
 
 
Figure 4.8 – Number of Pickups per hour 
 
 
 This graph shows the Number of pickups per hour 
 As we can see, the peak time is at 6 PM 
 Distribution between the pickup & drop-off table (next figure) is almost the same, which 





            20  
 
 
IV. Number of drop-offs per hour: 
 
 
Figure 4.9 - Number of drop offs per hour  
 
 This graph shows the number of drop-offs per hour 
 Similar to the previous graph, the peak time is also at 6 PM 
 Distribution between the pickup & drop-off table is almost the same which means that the 
Majority of rides are taken at the same time  
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I. Frequency of payment types: 
 
 
Figure 4.10 – Frequency of payment types 
 
 
 This graph shows the frequency of payment types 
 We found out that the majority of riders prefer using the credit card payment method. After 
it, some riders prefer using cash to pay for their rides, therefore these two are the most 
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4.7  Classification 
 
Logistic Regression Method 
We want to build a classification model that predicts whether a new location is a hotspot or 
not. For this, we will specifically use the logistic regression method. 
Logistic regression is a common statistical method used frequently in machine learning to 
analyze a dataset in where there is one or more independent variables that determine a certain 
outcome. Categorical variables in regression can have two or more categories, for example: 
yes/no, male/female, pass/fail. Therefore, when it comes to solving binary classification 
problems (problems that have two class values), the best technique to use is logistic regression. 
Just like in the linear regression, a logistic regression model calculates the output probability 
of a set of inputs for each possible output (i.e., for each class). Then, the class to which an 
example belongs most likely corresponds to the highest probability among all possible classes. 
 
Figure: Linear Regression and Logistic Regression graphs 
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In our case, we have two classes (hotspot or not). This is called binary logistic regression. 
Hence, the threshold is 0.5 (50%), which means that the class which got a higher probability 
than 50% is the class to which the new example mostly belongs.  
Before building our classification model, we divided our dataset into two sets: 
1) Training set, which comprises 80% of the whole dataset. This set is used to train the model. 
2) Testing set, which comprises the remaining 20% of the dataset. This set is mainly used to 
assess the model performance on fresh unobserved data (i.e., new location IDs). 
 
We built a logistic-regression classification model using the “stats” package in R and tested 
the model on the testing set. As a result, a confusion matrix is generated. 
A confusion matrix presents observed vs. predicted values in a table. The purpose of a 
confusion matrix is to identify how good the prediction algorithm is. The diagonal elements of 
a confusion matrix should ideally be closer to 100%, whereas the off-diagonal elements 
represent the prediction mismatch and should ideally be closer to 0%.  




 0 1 
0 18 1 
1 48 1933 
 
Table 4.8 – Confusion matrix 
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As we can see from the confusion matrix above, the number of: 
 True positives = 1933 (Hotspots predicted as hotspots) 
 True negatives = 18 (Non-hotspots predicted as non-hotspots) 
 False positives = 48 (Misclassified non-hotspots) 
 False negatives = 1 (Misclassified hotspots) 
 
Based on the numbers achieved by our model, we will calculate its accuracy in order to assess its 
performance. The accuracy is the percentage of correctly classified examples among all 
examples, and it is calculated below: 
 
Accuracy = (TN + TP) / (TN + FN + FP + TP) 
Accuracy = (18 + 1933) / (18 + 1 + 48 + 1933) 
Accuracy = 97.55% 
 
Based on the results of the used logistic regression algorithm, we can conclude that the accuracy 
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Chapter 5 – Conclusion 
  
5.1  Conclusion 
 
In conclusion, this project addresses the challenges associated with urban transportation by 
providing a framework for exploiting data analytics, with application to transportation data, to 
develop an efficient and optimum transportation. The objective of this research was to apply 
machine learning algorithms to analyze taxi trips and discover insights from the data. To achieve 
the set objective, we closely followed a well-defined data analytics methodology that covers the 
process from data to knowledge. 
Our goal was to determine whether a specific location is a hotspot or not. This was achieved by 
applying and integrating deep machine-learning tools and approaches in this research. First, we 
checked the dataset and made sure it did not have any missing or redundant values, and dropped 
all duplicates. Then, we did Feature Engineering where we separated specific features so our 
analysis can be easier to read and understand when it comes to our model as well as for 
visualization. We implemented some visualizations from our dataset and gave our insights on each 
one of them. After that, we divided our dataset into an 80% training set and 20% testing set.  
Finally, we built a logistic-regression classification model and tested the model on the testing set. 
The accuracy achieved by the model was 97.55%. Hence, it is safe to say there were many hotspots 
detected, and we have achieved the goal of this study. 
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5.2 Recommendations 
In this research, we applied data analytics and machine learning in the field of urban transportation 
by analyzing traffic data in urban cities, with an emphasis on identifying highly-populated areas 
where traffic density is high. After fully understanding our dataset and applying our analysis on 
transportation trip data, as well as identifying hotspots, some suggested recommendations for this 
research would be: 
 To utilize and apply the findings of this project in the future planning of urban cities.  
 To enlarge the dataset and include more data entries and data features. With the addition 
of more attributes, this will help in improving the accuracy of the prediction.  
 
 
5.3 Future Work 
For the future, we recommend using a dynamic real-time data model were the data model is 
enhanced by including on-spot, real-time transportation scenarios. 
Another recommendation would be to utilize the mobile phone usage data to refine the system 
model by incorporating the numbers of passengers in each car.  
Lastly, it would always be better to use more advanced machine-learning models with richer 
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